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Abstract
Activity recognition aims to recognize the actions and goals of 
one or more agents from a series of observations on the agents’ 
actions and the environmental conditions. Vision-based activity 
recognition is a very important and challenging problem to track and 
understand the behavior of agents through videos taken by various 
cameras. The primary technique employed is computer vision. 
Vision-based activity recognition has found many applications 
such as human-computer interaction, user interface design, robot 
learning, and surveillance, among others. This report describes 
the literature served for developing human activity recognition 
algorithm and a novel approach to it.
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I. Introduction
Understanding human activity by using computer vision is a 
complex and challenging aspect of both machine learning and 
pattern recognition. As cited in [1], based on 2006 statistics, the 
New York City Transit System [2] is the busiest metro system in 
the U.S. with a total of 468 stations and 1.49 billion riders a year, 
that is, 4.9 million riders a day and according to 2007 statistics, the 
Moscow metro [3] is the busiest metro in Europe with 176 stations 
and 2.52 billion riders annually that is 9.55 Million riders daily.

However, these transit systems are spread across hundreds of 
kilometers and would require thousands of employees for daily 
operations. Deployment of visual surveillance to cover a system 
of this magnitude requires thousands of cameras, which makes 
human-based surveillance unfeasible for practical purposes. With 
increase in volume of video data, existing digital video-surveillance 
systems supports only to capture, store, and distribute video while 
exclusively leaving the task of threat detection to human operators. 
According to psychophysical research [4], humans have severe 
limitations in the ability to monitor simultaneous signals. So a 
need for computerized searching of videos and surveillance is 
inevitable which led to the area of activity recognition using 
computer vision.

II. Literature Survey
Numerous attempts have been made in this field to automatize 
video surveillance but each and every approaches has its own 
pros and cons. Table 1 from [1] shows the spectrum of such 
approaches.

Table 1:
Modeling Framework, Learning Algorithms and Techniques
Modified Altruistic Vector Quantization algorithm
Markov Model Based
Explicit State Duration ESD-HMM

Semi-supervised HMM with Bayesian adaptation
Gaussian mixture model (+/-) HMM
Continuous-state HMM
Coupled HMM
Indefinite Hidden Markov Model (iHMM)
Multi-observation HMM (MOHMM)
Markov Random Field (MRF)
Probabilistic Principal Component Analyzers (MPPCA)
Bayesian Model (and classifier)
Dynamic Bayesian Network (DBN)
Clustering (including hierarchical)
Poisson model
Graph-cuts
Normalized cut
Fuzzy k-means
k-medoids
Stochastic
Fuzzy c-means
Leader-and-follower
Co-occurrence statistics and bipartite co-clustering
Undirected graphical model
Dynamic Oriented Graph (DOG)
Support Vector Machines (SVM)
Multiple Support Vector Machines (SVM)
One-class SVM
Neural Network
Fuzzy
Distance based function
Similarity function
Probabilistic Latent Semantic Allocation (pLSA)
Two stage hierarchical pLSA
Finite State Machines for sequence grammars
Fuzzy Associative Memory (FAM)
Principal Components Analysis (PCA)
Self-Organizing Matrix (SOM)
Social Force ModelMulti-Class Delta Latent Dirichlet 
Allocation (MCLDA)
Markov Clustering Topic Model (MCTM)
Hierarchical Dirichlet Allocation (HDP)
Non-model based

On the basis of prior knowledge and human involvement in the 
learning process, the research in human activity recognition can be 
categorized as supervised, unsupervised and semi supervised.

A. Supervised Learning
In these type of learning, a number of models of normal or 
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abnormal behavior are built based on the labeled training samples 
[5-8]. Video samples which does not fit any model are classified 
as abnormal. But this approach is limited to only events that are 
well defined and would require sufficient training data. However, 
real world video samples would mostly contain events that are not 
well defined and such events are rare and hence sufficient training 
samples are not available.

B. Unsupervised Learning
In these type of learning, a number of models of normal or 
abnormal behavior are built based on the labeled training samples 
[5-8]. Video samples which does not fit any model are classified 
as abnormal. But this approach is limited to only events that are 
well defined and would require sufficient training data. However, 
real world video samples would mostly contain events that are not 
well defined and such events are rare and hence sufficient training 
samples are not available.

C. Semi-supervised Learning
In these type of learning, a number of models of normal or 
abnormal behavior are built based on the labeled training samples 

[5-8]. Video samples which does not fit any model are classified 
as abnormal. But this approach is limited to only events that are 
well defined and would require sufficient training data. However, 
real world video samples would mostly contain events that are not 
well defined and such events are rare and hence sufficient training 
samples are not available.

Human group behavior detection has attracted increasing research 
interests. From the security perception, the automatic detection of 
group activities is very important. Some of the issues for group 
event detection as mentioned in [20] are as follows:

Group Event Detection with a Varying Number of Group 1. 
Members.
Group Event Detection with a Hierarchical Activity 2. 
Structure.
Clustering with an Asymmetric Distance Metric.3. 

III. Latest Research Work in Human Behavior 
Recognition
Table 2 shows a brief summary of latest research works in the 
field of human behavior recognition.

Table 2
TITLE DESCRIPTION LIMITATIONS REFERENCE

Robust Video 
Surveillance for Fall 
Detection Based 
on Human Shape 
Deformation

Seniors citizens in the developed countries need 
to establish new healthcare systems to ensure the 
safety of elderly people at home. This research 
work introduced a novel approach of human fall 
detection by analyzing human shape deformation 
in a video sequence. On detection of any 
abnormal activity, this system alarm signal 
toward an outside resource via a cell phone or 
internet.

Performance of such system will 
degrade when the movement of the 
subject after fall is less.

[21]

Visual Event 
Recognition in 
Videos by Learning 
from Web Data

This paper introduces a visual event recognition 
framework by learning from a large amount of 
videos that are available on the web (for example 
from YouTube). The authors first developed a 
new approach to measure the distance between 
any two video clips called Aligned Space-
Time Pyramid Matching (ASTPM). Then they 
developed a new transfer learning method called 
Adaptive Multiple Kernel Learning (A-MKL).

Transfer learning or domain 
adaptation or cross-domain learning 
is an emerging research area in 
computer vision. The proposed 
system recognize videos in the 
auxiliary domain but for that it 
needs more labeled samples. Hence, 
this would result in increased 
complexity.

[22]

Modeling Temporal 
Interactions with 
Interval Temporal 
Bayesian Networks 
for Complex 
Activity Recognition

Real world complex activities typically 
consists of multiple primitive events that are 
happening either parallel or sequentially over 
a span of time. Detection and understanding 
of such activities would require recognizing 
both individual event and their spatiotemporal 
dependencies over different time intervals. To 
achieve this goal to a certain extent a novel 
approach called Interval Temporal Bayesian 
Network (ITBN) have been developed in this 
research work.

This approach lacks automatically 
identifying the underlying topics. [23]

On-Line Video 
Event Detection by 
Constraint Flow

It presents a new algorithm to describe and 
detect composite video events online based 
on combinatorial optimization. So, initially a 
constraint flow is generated automatically by a 
parsing algorithm and then the composite event 
detection algorithm is applied to best interpret 
the video with respect to the constraint flow.

The proposed on-line event 
detection algorithm reduces the 
search space dramatically by using 
dynamic programming. However, 
still the searching time would 
be significant which makes this 
system less suitable for real time 
applications.

[24]
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IV. Conclusion
Although numerous attempts and various novel approaches have 
been made in this area, but designing an algorithm that would 
work with minimum error in unconstraint environment is still an 
open area of research.
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